Gene expression responses are complex and frequently involve the actions of many genes to effect coordinated patterns. We hypothesized these coordinated responses are evolutionarily conserved and used a comparison of human and mouse gene expression profiles to identify the most prominent conserved features across a set of normal mammalian tissues. Based on data from multiple studies across multiple tissues in human and mouse, 13 gene expression modes across multiple tissues were identified in each of these species using principal component analysis. Strikingly, 1-to-1 pairing of human and mouse modes was observed in 12 out of 13 modes obtained from the two species independently. These paired modes define evolutionarily conserved gene expression response modes (CGEMs). Notably, in this study we were able to extract biological responses that are not overwhelmed by laboratory-to-laboratory or species-to-species variation. Of the variation in our gene expression dataset, 84% can be explained using these CGEMs. Functional annotation was performed using Gene Ontology, pathway, and transcription factor binding site over representation. Our conclusion is that we found an unbiased way of obtaining conserved gene response modes that accounts for a considerable portion of gene expression variation in a given dataset, as well as validates the conservation of major gene expression response modes across the mammals.
INTRODUCTION M
OST OF OUR PRESENT KNOWLEDGE of gene response patterns comes from pathway databases, such as KEGG, BioCarta, and STKE. There are also gene expression analysis studies based on this knowledge, such as Gene Set Enrichment Analysis (GSEA) (Subramanian et al., 2005) . These gene response patterns are basically derived from the literature, however, which introduces ascertainment bias (i.e., some genes that are part of a pathway might not be annotated as such simply because they are not well studied). Evolutionary conservation offers a powerful, unbiased alternative approach to the definition of gene response patterns.
Biological systems exist in dynamic environments requiring reaction to concurrent and complex stimuli through coordinated multigene expression responses. Functional constraints on variation lead to evolution-ary conservation of gene expression, as well as gene sequences (Jordan et al., 2004 (Jordan et al., , 2005 O'Brien and Fraser, 2005) . Previously, many studies of molecular evolution, such as clusters of orthologous groups (COG) of proteins, focused on primary sequence (Doolittle, 2005; Li, 1997; Tatusov et al., 2003; von Mering et al., 2003) . With the availability of gene expression profile data from widely applied microarray technology, we have seen more and more studies on evolutionary analysis of gene expression patterns (Jimenez et al., 2003) . However, the details of these expression patterns vary from study to study, and many studies focus on a specific tissue (Adjaye et al., 2004) , a specific process (Andersson et al., 2005; McCarroll et al., 2004) , or, in particular, a specific type of cancer (Andersson et al., 2005; Fang et al., 2005) .
Several previous studies on global gene expression evolution focus on the evolution model of gene expression instead of using evolution as a tool to define gene expression patterns (Enard et al., 2002; Jordan et al., 2005; Liao and Zhang, 2005; Oleksiak et al., 2002; Yanai et al., 2004) . Stuart et al. (2003) , however, have done analysis defining pairs of genes that are coexpressed from humans, files, worms, and yeast and thus have discovered some conserved genetic modules. In our work, instead of using pairwise gene expression comparisons as Stuart and co-workers have, we demonstrate a new, systematic way of defining conserved gene expression modes. We use a simple numeric method-principal component analysis (PCA)-to find conserved gene expression response modes (CGEMs) prominent in a given dataset between two species; these CGEMs can be characterized as a tool to better understand the functional role and mechanisms underlying gene expression responses.
Principal component analysis is a widely used exploratory data analysis tool that is able to identify structure in complex multidimensional data. The technique has been used in microarray analysis in different ways, such as summarizing experimental conditions or selecting gene markers in cancer search (Alter et al., 2000; Bicciato et al., 2003; Raychaudhuri et al., 2000; Wang and Gehan, 2005; Yeung and Ruzzo, 2001 ). Of particular relevance to biological interpretation, several studies have examined the relationship of function to PCA component loading in gene expression responses. For example, Crescenzi and Giuliani (2001) assigned biological themes to the major components, and Misra et al. (2002) used component loading in identification of tissue-specific gene expression patterns. These studies demonstrate that the modes of gene expression responses defined by PCA can be interpreted in biological terms. Our study might be the first to utilize PCA in an evolutionary context and find conservation between human and mouse principal components. We examine those components (modes) that are conserved between species to strengthen the connection to the functional biological processes.
There are several advantages to using PCA analysis to identify conserved gene expression modes. First, the mathematics of PCA ensures that we choose the modes that represent directions of largest amount of variation in gene expression dataset, thus giving us the most prominent patterns from the current dataset. Each PCA mode represents a specific combination of tissue specificity; for example, a certain mode might represent the scenario where genes have very high expression in lung, medium-low expression in liver, very low expression in brain, and medium expression in other tissues. This combination captures maximal portion of gene expression variation not explained by the preceding modes. Traditional tissue specificity studies have focused on gene expression variation in individual tissues, but do not examine coordinated, quantified tissue specificity present as major patterns in datasets across different types of tissues. Our work, in this aspect, stands out distinctly from other work (Liao and Zhang, 2005) . Second, studies on finding global conserved gene expression patterns using data from heterogeneous sources are often confounded by technical variation, resulting in strong within-laboratory and within-species correlations (Hampson and Hughes, 2001; Irizarry et al., 2003b) . For example, such technical variation sometimes masks the conservation of gene expression patterns between human and mouse while conservation is expected because the two species share common phylogeny and ontogeny (Yanai et al., 2004) . PCA, by extracting major biological patterns, can make this interspecies conservation discernable, as it did in our study. Third, PCA has an advantage over clustering and classification, which are used in many studies, in that genes are not artificially constrained to belong in a single mode. Since the selection of representative genes for each mode is based on loadings on each principal component, it is possible that a certain gene can be selected in several response modes instead of one, which can be the reality in biological systems.
In this work, we developed a method that identifies evolutionary conserved modes of expression that are prominent in a given dataset based on matching of principal components of gene expression between hu-man and mouse. We demonstrate our method on a dataset integrated from multiple studies across multiple tissues from the two species and find 12 CGEMs that are associated with functions fundamental to the two species and conserved across evolution. Also, the promoter regions of the genes are studied to reveal transcription factors that may be related to these biological processes.
MATERIALS AND METHODS

Gene expression data assembly
First, gene expression data were gathered for both human and mouse. We restricted our analysis to Affymetrix GeneChip data to reduce technical variations between samples and between species. For human we used four datasets: (1) Novartis Research Foundation's dataset of normal tissues and cell lines (GEO ID: GSE96) (Barrett et al., 2005; Edgar et al., 2002; Su et al., 2002) , which has 80 samples; (2) Genenote (gene normal tissue expression) dataset (GEO ID: GSE803) (Shmueli et al., 2003) , also of normal tissues, which has 24 samples; (3) a blood dataset (Feezor et al., 2003) with control and heat-killed SAC treated cells, which has 9 samples; and (4) a dendritic cell dataset (Messmer et al., 2003) with control and cells treated with LPS, CD40L, or CyC (TNF-a, IL-1b, IL-6ϩPGE-2), which has 32 samples. For mouse we used two datasets: (1) Novartis Research Foundation's dataset of normal tissues and cell lines (GEO ID: GSE97) (Su et al., 2002) , which has 90 samples; and (2) a 32D cell dataset with control and cells treated with Csf1 or IL3, which has 12 samples.
For the procedure to obtain the 32D cell mouse dataset, interleukin-3 (IL-3)-dependent murine 32D myeloid clones stably expressing the wildtype colony-stimulating factor-1 receptor (Lee and States, 2000) were deprived of IL-3 for 6 h, followed by the addition (or not) of IL-3 for 18 h. Cells were washed and RNA was harvested using the RNAeasy kit (Qiagen). Two independently selected clones were used and either three or four sets of data were collected for starved or IL-3-treated cells on 3 separate days. Processing and hybridization to the Affymatrix U74A chip were performed by the Washington University Medical School (St. Louis) Gene Chip Core Facility. Altogether there were 145 human samples and 102 mouse samples.
Processing and integration of datasets
After we obtained the original gene expression datasets in .CEL files, we processed them using the RMA method (Bolstad et al., 2003; Irizarry et al., 2003a Irizarry et al., , 2003b as implemented in the R Bioconductor package (Gentleman et al., 2004) . Multiple species and multiple datasets were used; for human we have data from both version 1 and 2 of U95A chip, and for mouse we have data from version 1 and 2 of U74A chip. We used Bolstad's mixed CDF environment, which takes only probe sets that appear on both chip types (Ͻhttp://stat-www.berkeley.edu/users/bolstad/mixtureCDF/MixtureCDF.htmlϾ), and were able to pool the data into two groups: human data from U95A chip series, and mouse data from U74A chip series. After that RMA preprocessing was carried out in R package.
Pairing genes and tissues between species
To compare the two species, orthologous genes were assigned using the TIGR database (Ͻhttp://pga.tigr.org/AnalysisTools.shtmlϾ) (Lee et al., 2002; Tsai et al., 2001 ). We only chose gene pairs that have expression information in the microarray data we use. Similar results are obtained using the NCBI Homologene and ENSMEBL orthologs assignments.
Tissue correspondence also has to be assigned before comparing the two species. Anatomic origin and similarity in orthologous gene expression profiles were both used to pair samples from human and mouse. Samples were paired if three criteria were met: (1) if the Manhattan distance between orthologous gene expression profiles was in the upper 10% of all sample pairs; (2) the two samples fell within the reciprocal 10 top hits respectively; and (3) pairing could be validated by anatomic naming. Manhattan distance is defined as the distance between two points measured along axes at right angles (i.e., in a plane with p 1 at (x 1 , y 1 ) and p 2 at (x 2 , y 2 ), Manhattan distance is ͉x 1 Ϫ x 2 ͉ ϩ ͉y 1 Ϫ y 2 ͉). Using this process we assigned the 13 CHEN ET AL. pairs of tissue sets in Table 1 . Gene expression values were averaged in each tissue set within each species. By now we have aligned human and mouse dataset with regard to genes and tissues.
Principal component analysis and clustering
The gene expression model we are assuming is
where subscript g indicates gene, t indicates tissue, and p indicates profile. E is expression intensity, ␣ gp is projection of gene g on profile p, and pt is weight of tissue t on profile p. Written in matrix form E ϭ AP, where A is the projection matrix and P is the matrix connecting profiles and tissues. PCA is one kind of transformation we can perform to get A from E. We performed PCA on human and mouse data separately (the two datasets had been aligned regarding genes and tissues, as mentioned above). PCA was performed using "prcomp" in the R "stat" package with singular value decomposition of the data matrix rather than "eigen" on the covariance matrix. This method is recommended for numerical accuracy. After that, principal components obtained using PCA from the two species were clustered. For clustering we chose an unsupervised method-hierarchical clustering, also implemented in R. We found that 1 to 1 pairing of human and mouse components is observed for 12 out of 13 principal components obtained from the two species independently, and thus we defined 12 CGEMs.
Reconstructing gene expression using average loadings
Next we assessed how much of the gene expression variation could be accounted for by the conserved part of principal components. From our expression model
the mathematics of PCA guarantees we can reconstruct E gt from ␣ gp and pt . In this step, however, instead of using ␣ gp from the concerned species, we used (␣ h gp ϩ ␣ m gp )/2 where superscript h and m indicated human and mouse, respectively. Thus for human we applied the formula
to calculate predicted values of gene expression, and for mouse the formula we used was
Note that considering most of the variation could be explained by the first principal component, which represented average gene expression across all tissues; this was subtracted from the data during reconstruction.
Annotating gene expression response profiles
We then chose representative genes for each CGEM based on loadings of genes on corresponding human and mouse principal components. We calculated products of the positive loadings of genes on human and mouse components and selected the top 5% genes with highest products of loadings.
We annotated CGEMs based on functions of these representative genes. For functional annotation, we examined enriched GO terms, pathways, and "words" in representative genes for each CGEM. GO terms for genes were obtained from hgu74av2 and mgu74av2 packages of bioconductor (Gentleman et al., 2004) . We used information from these packages to build an association file in running a software termfinder (Boyle et al., 2004) , which calculates a p value using the hypergeometric distribution and outputs over-represented GO terms. When identifying over-represented Kegg pathways, we drew on information from NCBI Entrez Gene records and used Fisher's exact test with a cut-off of 0.05. When identifying over-represented GENE EXPRESSION PROFILES ACROSS MAMMALIAN TISSUES words, we again obtained information from Entrez Gene records and used Fisher's exact test with a more stringent cut-off of 0.001.
We also examined transcription factor enrichment for representative genes of CGEMs. Two approaches were used: one was using TRANSFAC, the other was using GSEA database. In the first approach, tran- 
scription factor binding site analysis was performed by obtaining sequences from ENSEMBL database (Birney, 2003) , and scanning the gene region with a flanking sequence of 1 kb using TRANSFAC MATCH (Kel et al., 2003; Matys et al., 2003; Wingender et al., 2000) . In the second approach, we used the motifbased gene set of GSEA (Subramanian et al., 2005) and only chose those annotated motifs. Fisher's exact test was used and a cut-off of 0.05 was applied to select over-represented transcription factors or motifs.
RESULTS
Pairing human and mouse tissues and cell lines
To assess the conserved gene expression patterns between human and mouse, tissue correspondence between the two species needs to be established. From the datasets we analyzed, we identified 13 groups of corresponding tissues ( Table 1 ). Many of the groups contained the same tissue as indicated by anatomic name for human and mouse, but some groups contained samples from functionally related tissues where the naming used in one species did not match that used in the other. For example, the first group included neural tissues from both species but was labeled with a number of different names. This pairing involved both matching across species and clustering within a species, resulting in a many-to-many mapping of sets from each species.
Principal component analysis of gene expression responses
To assess the major expression patterns in the dataset, we employed principal components analysis. Based on the averaged expression profile within each of the 13 groups listed in Table 1 , we performed principal component analysis on human and mouse expression data, respectively, with orthologous gene pairs aligned. Shown in Figure 1 91% of the total variability. The first component represents the average expression level across tissues. For detailed information of eigen values and the variance they explain, see Table 2 .
Comparison of species-specific principal components
After we performed PCA separately on human and mouse data, the loadings on each of the 2 ϫ 13 principal components were clustered to determine if there was a correspondence between principal components between the two species. As Figure 2 shows, there is highly significant pairing between human and mouse principal components based on gene loadings, indicating that there is a high degree of evolutionary conservation with the gene expression modes revealed by PCA. We found that there were 12 pairs of principal components in which the terminal binary nodes of the tree contain exactly one human and one mouse terminal leaf. Apart from the second component of human data and the second component of mouse data, all other components had their pairing components in the other species. Each pair of components represents a conserved gene expression response mode (CGEM) between human and mouse. The likelihood of a pairing this good occurring at random is calculated by randomizing the orthologous relationships. After 10,000 iterations, we found that such pairing occurs randomly about six times. We conclude that the correspondence of human and mouse gene expression modes is highly significant.
Conservation between species is reflected in correspondence between loadings; high loadings on both corresponding human and mouse components are of interest. By calculating products of the positive loadings, we could select genes with high loadings on both species for a specific principal component pair. Figure 3 shows an example for a component pair H4M3 (CGEM H4M3), which consists of the fourth principal component of human and the third principal component of mouse. From the distribution of cross-species loadings shown in Figure (3A) we find a few genes with large product values and a large number of genes making little contribution to the cross-species component loading dot product. The genes that have conserved expression profiles with high loadings on this component pair are selected for further analysis. We used a cut-off of 5% to find those highly conserved high loading gene set for each CGEM; the actual gene sets are provided in Appendix 1. Figure 3B gives us a more direct view of the products of loadings, and we can actually see the sparse clusters of genes with conserved higher loadings. The larger the product, the stronger the conserved component of the expression response for the gene. CHEN ET AL. 
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Reconstructing gene expression using conserved part of component loadings
To assess how much of the variation in gene expression profiles can be explained by evolutionarily conserved components, we attempted to reconstruct gene expression using average loadings (from human and mouse) on components. The mathematics of PCA guarantees that we can reconstruct the gene expression profile exactly using the species-specific rotation matrix and loadings on the components. Instead of using the loadings on components from each species independently, we used the average loading values from human and mouse as an indication of the evolutionarily conserved components of gene expression. During the process, the first principal component, which represents the average gene expression level across tissues, is subtracted from the data.
Using these evolutionarily conserved components, we were able to reconstruct an average of 84% of the variation in gene expression levels over all of the different tissue groups (the variation explained by the first principal component aside). Shown in Figure 4 is the correlation between predicted (calculated) and observed gene expression in liver, a representative tissue example. Figure 4A and B are for human and mouse liver tissue, respectively. Observed values, which is gene expression intensity, and predicted values, which is calculated from average loadings, have a good linear relationship. The correlation coefficient is 0.89 and 0.82, respectively, which implies that most of gene expression can be explained by these CGEMs. Table 3 lists the correlation of observed and predicted values for each tissue in both human and mouse. From Table 3 it can be seen that in most cases conserved gene expression contributes significantly to overall gene expression. Interestingly, the predicted values for human tend to have a better correlation with the observed value than do those for mouse (p Ͻ 0.001). The reason for this difference is not obvious, but technical variation in the GeneChips used for the different species cannot be excluded.
Detecting over-represented functions using gene sets
For each representative gene set of orthologous genes with high loadings on a specific principal component pair, we were able to find a GO term, as well as pathway over-representation that we used to annotate the dominant functions of the CGEM. Because the annotation of orthologous genes in the two species frequently differed, we focused on conserved functions between the two species. Figure 5 uses CGEM H4M3 as an example. The over-represented human and mouse GO terms are listed according to their statistical significance of over-representation; lines connect the same term occurring in the two lists. This analysis shows that many dominant functions are conserved, and in most cases the rankings of degree of dominance do not change dramatically. GO has a hierarchical structure and many of the functions are related. CHEN ET AL. We have not attempted to collapse parent/child relationships when both are over-represented. In Appendix 1, we summarize the functions conveyed by the GO terms.
We also searched for conserved pathway over-representation (results also listed in App. 1) and found that for most cases there is a good consistency between GO terms and pathway. For example, in CGEM H4M3, over-represented GO terms include blood coagulation, acute-phase response, and related processes. The pathway search identifies complement and coagulation cascades, fatty acid metabolism, and caprolactam degradation, all of which are functionally related to the above GO terms. To further seek validation, we explored words that are enriched in the NCBI description. For our example H4M3, words such as apolipoprotein, apom, apoe, and fatty supported our GO term and pathway findings.
Association of transcription factors recognition sites with gene expression response profiles
It is interesting to know whether specific transcription factors are associated with each gene set and how this might relate to functional themes. We explored the transcription factor binding sites around the transcription starting sites of the high-loading genes, and for most gene sets we found that there were transcription factors that were over-represented in both species. A literature survey revealed evidence for relations between those transcription factors and the major function theme of the gene set. Continuing to use CGEM H4M3 as an example, Figure 6 shows the list of transcription factors over-represented in both species for the gene set. Though most transcription factors over-represented in each species have a connection with the dominant functions of the gene set, there are just a handful that are consistently over-represented in both species, which implies subtle differences between human and mouse gene regulation, even for similar pathways and similar functions. We also searched the relationship between our gene sets and GSEA-annotated motif-based gene sets and found enriched representation of GSEA gene sets for each of our CGEM. Both results for transcription factors and GSEA gene sets are listed in Appendix 1.
DISCUSSION
Annotating CGEMs
CGEM H4M3 is associated with blood coagulation, stress response, and other factors, and there is a good agreement between over-represented GO terms and pathways. Transcription factors over-represented in the promoter regions are hepatocyte nuclear factors (HNF4, HNF1) and estrogen receptor (ER). The connections between blood coagulation and ER (Farsetti et al., 1998; Moverare et al., 2004 ) / HNF-4 (Farsetti et al., 1998 have been reported. HNF-1 was reported to be involved in some stress response (Leu et al., 2001) . H4M3 is statistically significantly correlated with GSEA motif sets HNF-1 and estrogen-receptor related receptors (ERR).
CGEM H1M1 is associated with the GO term homophilic cell adhesion, but there is no significant overrepresented pathway, which is expected because this mode is strongly correlated with average gene expression across all tissues. Also we were not able to identify connections between homophilic cell adhe-CHEN ET AL. sion and the over-expressed transcriptional factor octamer binding factor 1 (OCT1_B) or any correlated GSEA motif sets (AP4, GFI1, NRF1, or SF1). CGEM H5M5 is associated with energy generation coupled consistently with the citric acid cycle in both the GO terms and pathway over-representation. The over-represented transcription factors include splicing factor 1 (SF1) and CREB. CREB is involved in metabolism (Koo et al., 2005) . This mode is statistically significantly correlated with GSEA motif sets such as YY1 transcription factor, nuclear respiratory factor 1 (NRF1), and estrogen-related receptor alpha (ERR1), whose binding sites are all found in some genes involved in regulating mitochondrial energy metabolism (Chinenov et al., 2000; Sladek et al., 1997) .
For CGEM H6M6, we did not find common over-represented GO terms between human and mouse; however, extracellular matrix (ECM)-receptor interaction comes up in the pathway analysis. There is literature showing E2F1 and SOX9, which are enriched GSEA motifs for this mode, are involved in ECM regulation (Davies et al., 2002; Tsuboi et al., 2000) .
CGEM H13M12 is associated with immune responses. The over-represented transcription factor is MYC, which is known to play a role in immune processes (Hayday et al., 1984) . This mode is statistically significantly correlated with GSEA motif set acute myeloid leukemia 1 (AML1), which is involved in development of leukemic dendritic cells (Houtenbos et al., 2005) ; v-ets avian erythoblastosis virus E26 oncogene homolog2 (ETS2), which is involved in acute myelogenous leukemia (Le Beau et al., 1986; 1988); and GA-binding protein, which works in concert with other transcription factors, including PU.1, regulates immune-related genes (Rosmarin et al., 1995 (Rosmarin et al., , 1998 Shimokawa and Ra, 2005) .
CGEM H9M9 is associated with acid and proton transport. The over-represented transcription factor is GATA4, which is related with Naϩ/Ca2ϩ (NCX) exchanger (Hudecova et al., 2004) . This mode is statistically significantly correlated with paired-like homeodomain transcription factor 2 (PITX2).
CGEM H10M8 is associated with energy generation coupled with pyruvate metabolism and glycolysis. GO term over-representation search also suggests cell adhesion. Although TRANSFAC does not yield clues through enriched transcription factors, GSEA does suggest that motif MEF2 is enriched in this gene set and evidence shows MEF2 involved in energy charge (Holmes and Dohm, 2004) .
CGEM H3M4 is associated with the cell cycle. Transcription factor nuclear factor Y (NFY) is over-represented in the promoter regions, which is consistent with the fact that most genes regulated by NFY play a regulatory role in the cell cycle (Zhou et al., 2005) . Gene sets regulated by ETS domain transcription factor (ELK1), nuclear respiratory factor (NRF), and specificity protein 1 (Sp1) besides NFY are also shown to be correlated with this mode. There is evidence that Sp1 protein is involved in regulating cell cycle genes (Safe and Abdelrahim, 2005) , and NRF is found to be a coregulator of a large number of target genes of E2F that play an important role in cell cycle (Cam et al., 2004) .
CGEM H8M10 is associated with cation homeostasis and macromolecule metabolism, such as glycolysis/gluconeogenesis. GSEA analysis reveals that GATA, which is involved in hematologic disease, is overrepresented (Cantor, 2005; Crispino, 2005) .
CGEM H12M13 is associated with toll-like receptor signaling pathway and the gamma-hexachlorocyclohexane degradation pathway. The over-represented transcription factors from TRANSFAC (CREL, NFKB, HNF1) are also immune-related (Li and Verma, 2002) .
From the GO term search, CGEM H7M7 is associated with microtubule polymerization; however, from pathway search, only complement and coagulation cascades are over-represented. Enriched transcription factors (HNF1, CDX2, CEBPDELTA) revealed that this mode is more stress response related (Alam et al., 1992; German et al., 1994; Gilpin et al., 1996; Leu et al., 2001) .
CGEM H11M11 is associated with protein biosynthesis. The over-represented transcription factor is HEB (a helix-loop-helix protein related to E2A and ITF2), and this mode is statistically significantly correlated with SRF. Both are transcription factors that are important in muscle gene regulation (Hu et al., 1992; Wang et al., 2004) .
Our functional annotations for the different components sometimes overlap with each other. For example, H5M5 and H10M8 are both associated with oxidative phosphorylation. However, these are coupled to different functions. Oxidative phosphorylation is coupled to citric acid cycle in H5M5 but coupled with pyruvate metabolism and other functions in H10M8. Since biological systems are very complex and functions are sometimes interwoven, this phenomenon is expected. It helps to look at functions from different aspects, e.g., the GO term, as well as pathway, to understand function in a more comprehensive way.
A challenge in annotating the CGEMs is that in some cases they can be multi-factorial responses integrating multiple functions. As a result, in these cases there is not a simple 1-to-1 mapping of CGEM to historically defined biological functions or pathways. This phenomenon is illustrated in Figure 7 , which shows the number of genes shared between each CGEM representative set and the COG functional families (Tatusov et al., 2003) . A number of associations between gene membership in a CGEM and gene membership in an annotated function are observed. In the lower left corner of Figure 7 , we see a nearly 1-to-1 association between CGEM H11M11 (which is associated with protein biosynthesis) and COG functional class J (translation, ribosomal structure and biogenesis) and between CGEM H5M5 (which is associated energy generation) and C (energy production and conversion). In other cases, such as CGEM H6M6, several COGs appear to be associated with the mode but none is dominant. This can be caused by discrepancy between sequence space, which COGs are based on, and expression space, which CGEMs are based on, or it can be caused by the different gene space of CGEM and COG (right now COG only has 860 proteins conserved across all species); it can also be that CGEM H6M6 is a mode with a complex response that involves a combination of the 20 or so simple COG functional categories. Nevertheless, these associations provide a useful aspect in annotating CGEMs (App. 1).
Another note-worthy point to make is that CGEMs delineate multi-tissue coordination in biological responses and thus there is not a simple 1-to-1 mapping of CGEM to tissue. Figure 8 shows the association between CGEMs and tissues. In the upper right-hand corner, a 1-to-1 association between CGEM H13M12, which is associated with immune response, and lymphocyte is observed. However, in most cases a CGEM seems to be positively associated with several tissues. For example, H6M6, which is mainly associated with extracellular matrix-receptor interaction, is positively associated with several tissues but none is dominant. So the majority of the cGEMs involve responses across several tissues, and the representative genes of those responses are not single tissue-specific genes, but rather genes that are highly expressed in a number of tissues and low expressed in other tissues.
As defined by us, CGEMs are connected to fundamental functions in human and mouse species. We base our analysis on a set of normal tissues such as lung, liver, and brain, so much of the variation of gene expression across these samples can be attributed to these tissues coordinating with one another and performing different important biological functions. Our approach for defining CGEMs is a general one that can also be applied to other datasets for different purposes, depending on the specific dataset. For example, it would be of interest to apply our method to a series of treated samples from two species and examine conserved stimulus response patterns. Note that it is possible to apply our approach to compare two distant organisms since we mainly use an objective pairing method based on expression profiles of orthologous genes to pair up tissues; thus, if only orthologous genes between two organisms can be identified, tissue correspondence can be assigned using our pairing method. Principal components can then be calculated and clustered for these two organisms.
Evolutionary implications
The evolution of gene expression is an interesting and controversial topic. One view is that gene expression patterns evolve through a neutral model (Khaitovich et al., 2005 (Khaitovich et al., , 2004 in which most changes in GENE EXPRESSION PROFILES ACROSS MAMMALIAN TISSUES gene expression are not related to fitness and changes in gene expression accumulate randomly over time.
Other studies suggest that a neutral model accompanied by selective constraint is likely (Jordan et al., 2005) . Based on expression similarity among 32 human and mouse tissues (Su et al., 2002) , Yanai et al. (2004) , found incongruent expression profiles between human and mouse othologous genes and they supported neutral evolution of transcription control. They also showed that expression of human and mouse tissues was clustered into two species-specific clades. By using a measurement called relative mRNA abundance among tissues, however, Liao and Zhang (2005) observed that orthologous tissues between species are more similar than nonorthologous tissues in terms of expression profile, thus supporting conservation of gene expression. In our study, 12 of the 13 modes we found from each species form a binary pair with a sample from the other species. Thus, by using PCA, we are able to find "orthologous modes" between species, which again validates the conservation of gene expression theory. In terms of the relationship between conservation of gene expression and biological function, a previous report (Yanai et al., 2004) mentioned "examples of orthologous profiles where the tissues of conserved expression relate to gene function, whereas divergent expression does not." This statement is consistent with our finding that the conserved expression patterns are linked with specific functions.
For one half of the CGEMs defined here, the magnitudes of the component loadings of the paired components appear in the same order in human and mouse (PCA components are ordered by variance). In one third of the CGEMs, the orders of the mode loadings differ by one (e.g., cell cycle-related genes dominate the third component of human but the fourth component of mouse). In two CGEMs, the orders differ by two. This implies that expression pattern variation within genes with similar functions differs slightly between human and mouse in relative magnitude. This reshuffling of order might be interpreted as slightly different rates of evolution between genes of different functions.
CONCLUSIONS
By integrating data from multiple tissues and two mammalian species, by executing PCA analysis separately on two species, and by matching principal components across species, it is possible to find evolutionary conserved gene expression modes, and these modes can be associated with specific biological functions and pathways. Since no prior knowledge is used, these modes represent an unbiased way of finding gene expression response patterns. In our study, we mostly used a set of normal tissues and found 12 CGEMs related to functions vital to human and mouse, including energy metabolism, immune response, protein biosynthesis, and cell cycle regulation, among others. Representative genes for each mode are also identified. Compared to traditional tissue specificity studies, our analysis is relatively less sensitive to the intrinsic high noise of microarray data and ensures that these CGEMs explain most of the variation in our dataset. Also our result further validates the conservation of many major gene response patterns between human and mouse. CHEN ET AL.
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FIG. 7.
Relationship of CGEM with COG functional classes. Rows show CGEM modes; columns, COG functional classes. Elements in the matrix are colored according to the number of genes in the CGEM representative set that are assigned to each COG functional class. The pseudocolor scale runs from black to grey to white corresponding to zero to maximal overlap. A, RNA processing and modification; B, chromatin structure and dynamics; C, energy production and conversion; D, cell cycle control, cell division, chromosome partitioning; E, amino acid transport and metabolism; F, nucleotide transport and metabolism; G, carbohydrate transport and metabolism; H, coenzyme transport and metabolism; I, lipid transport and metabolism; J, translation, ribosomal structure and biogenesis; K, transcription; M, cell wall/membrane/envelope biogenesis; O, post-translational modification, protein turnover, chaperones; P, inorganic ion transport and metabolism; Q, secondary metabolites biosynthesis, transport, and catabolism; R, general function prediction only; S, function unknown; T, signal transduction mechanisms; U, intracellular trafficking, secretion, and vesicular transport; V, defense mechanisms; W, extracellular structures; Z, cytoskeleton.
FIG. 8.
Relationship of CGEM to tissues. Rows show tissues; columns, CGEM modes. Elements in the matrix are colored according to the correspondence between CGEMs and tissues based on rotation matrix calculated using PCA. The pseudocolor scale runs from black to green to yellow corresponding to low to high correspondence.
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APPENDIX 1. DETAILED INFORMATION OF CGEMS
A. Representative Genes Mode
Human genes Mouse genes CD53   GPC4  PRKCZ  UCHL1  BC037006  Gh  Pdzk1  Tkt  CD74  GPM6B  PTHR1  UMOD  Calb1  Gm2a  Ppia  Txn1  CDH16  GPX3  PTPRD  VIL2  Cd48  Gpc4  Prkcz  Uchl1  CRYZ  H2AFZ  RNF24  YWHAZ Cd53  Gpm6b  Pthr1  Umod  H10M8 ACADM CYR61  ICAM2  PKIG  1110030L07Rik Cycs  Ier3  Pdlim1  ALDOB  DKFZP564B167 IER3  PKP2  1500010M16Rik Cyr61  Ii  Pkig  ATP6V03 DLD  ITGB1  PPGB  2610205H19Rik Dld  Itgb1  Pkp2  C1QR1  DLK1  LDHC  PPIC  Acadm  Dlk1  Ldh3  Pltp  CA4  ECH1 LGALS3 Tfrc  CDH16  HBA1  PRSS11  TFDP1  Cdr2  Hba-a1  Prtn3  Umod  CDR2  HMS  PRTN3  TFPI2  Cldn4  Hmbs  Psen1  Vil2  CLDN4  HMOX1  PSEN1  TFRC  Cml1  Hsd17b2  Pthr1  Xpo7  CTSL2  HSD17B2  PTHR1  TMP21  Ctsl  Igfbp1  Rab11fip5  CYP17A1 IGFBP1  RAB11FIP5 UMOD  Cyp17a1  Kng1  Rcor1  DAO  KNG1  RCOR1  VIL2  Dao1  Krt1-18  Rhced  DLK1  KRT18  RHCE  XPO7  Dlk1  Lgmn  S100a8  DNAJB1 LGMN S100A8 Dnajb1 Lmo2 S100a9 Serpinf1  FEZ1  MMP23B  SERPINF1  Dia1  Lum  Tceb1  ACTG1  CYP1B1  RBP1  SFRP1  Actb  Esd  Rbp1  Slc22a6  ACTR3  EPHB4  RNASE4  SLC12A3 Actr3  Fgl2  Rnase4  Slc7a7  ADRBK2 ESD  RPL10  ASLC22A6 Aldh1a2  Hnrph1  Rpl10a  Svil  ALDH1A2 IER3  RPL13  SLC7A7 Amy2  Ier3  Rpl13  Tacstd2  AMPD3  IF  RPL19  SVIL  Arg1  Igfbp5  Rpl19  Tagln  AMY2A IGFBP5  RPL23A  TACSTD2 Atp5a1  Igi  Rpl23a  Tgfb1i1  ARG1  IGJ  RPL30  TAGLN  Calb1  Impdh2  Rpl30  Thy1  ASS  IMPDH2  RPL5  TEAD3  Ccl11  LOC436061 Rpl5  Tnc  CALB1  LTF  RPL6  TGFB1I1 Ccl5  Lamr1  Rpl6  Trip6  H11M11 CCL11  LUM  RPL7  THY1  Cct3  Ltf  Rpl7  Umod  CCL5  MAF  RPS10  TNC  Cd2  Lum  Rps10  Wdr1  CCR2  MFAP5  RPS11  TRIP6  Cd3d  Mfap5  Rsp12  Wnt5a  CCR5  MYH11  RPS12  UMOD  Cdh16  Myh11  Rps19  Wnt5b  CD2  NAT8  RPS19  WDR1  Cfi  Myh9  Rps3  Wt1  CD3D  PADI2  RPS3  WNT5A  Cml1  Padi2  Rps3a  Ywhaq  CDH16  PDZK1  RPS3A  WT1  Cspg2  Pdzk1  Rps7  CSPG2  PLAT  RPS7  YWHAQ Csrp1  Plat  Serpina1a  CSRP1  PTHR1  RPSA  Ctsl  Pthr1  Sfrp1  CTSL2 PTMA SERPINA1 Cyp1b1 Ptma Slc12a3 
GENE EXPRESSION PROFILES ACROSS MAMMALIAN TISSUES
PTHR1 Aldob Ech1 Lgals3 Ppic CD74 ENG LOC112714 RBMS1 Atp6v0e Eng Lum Pthr1 CDH13 ENPEP LUM SDHB C1qr1 Enpep Lyzs Rbms1 CDH16 F2R LYZ SLC12A3 Car4 F2r Mapkapk2 Sdhb CDH2 FABP1 MAPKAPK2 SLC7A7 Cdh13 Fabp1 Mef2 Slc12a3 CGI-51 FABP3 MEF2A SOD2 Cdh16 Fabp3 Myh2 Slc7a7 COL4A1 FTH1 MYH6 TM4SF7 Cdh2 Fth1 Myh6 Sod2 COL4A2 GC20 NDUFA5 TNCC1 Col4a1 Gja1 Myh7 Tm4sf7 COX6A2 GJA1 NDUFAB1 TUBA2 Col4a2 Gja4 Ndufa5 Tnnc1 COX7A1 GJA4 NDUFC1 UBPH Cox6a2 Gng11 Ndufa9 Tuba1 COX7A2 GK NDUFS1 UMOD Cox7a1 Gng5 Ndufab1 Tuba3 CRIP1 GNG11 NDUFV2 VCAM1 Cox7a2 Gpx3 Ndufc1 Umod CSRP3 GNG5 NNT WWTR1 Crip1 Gyk Ndufv2 Vcam1 CYC1 GPX3 PDHB CSRP3 HBA-A1 NNT WWTR1 CYCS HBA1 PDLIM1 Cyc1 Icam2 Pdhb ACYP1 CDKN3 LDHC RAN 1810014L12Rik Cct Hspca Prm3 AF1Q CETN3 LYPLA1 SCC-112 2610205H19Rik Cdc2a Hspcb Psip1 AKAP4 CHC1 MAC30 SLC7A5 573049M16Rik Cdkn3 Impdh2 Psma6 ASNS COPS5 MARCKSL1 SMC4L1 AI839562 Cetn3 Ldh3 Psme4 ATP1B3 COX7A2 NDUFA5 SNRPD2 Acyp1 Chc1 Lypla1 Ran BUB1 CSDA NEK2 SRP14 Akap4 Cops5 Mlp Slc7a5 H3M4 BUB3 DKFZP564B167 NRD1 SRPK1 Asns Cox7a2 Ndufa5 Smc4I1 C18orf10 ERH ODF2 TAF9 Atp1b3 Csda Nek2 Snrpd2 CCNA1 EZH2 PABPC1 TBPL1 Bub1 Dnajc2 Nrd1 Srp14 CCNBA2 FDFT1 PRM1 TRIM28 Bub3 Erh Odf2 Srpk1 CCT4 H2AFZ PSIP1 UCHL1 Ccna1 Ezh2 Osbpl9 Srpk2 CCT5 HSPCA PSMA6 ZRF1 Ccnb2 Fdft1 Pabpc1 Stk23 CDC2 IMPDH2 PSME4 Cct4 H2afz Prm2 Taf9 H8M10 ALDOB EPB42 LMO2 S100A9 1110014C03Rik Epb4.2 Ltf Serpine1 ARFGEF1 EZH2 LTF SCC-112 Aldob Ezh2 Mcm5 Slc12a3 ATP6V0C FBP1 MMP9 SERPINE1 Arfgef1 Fbp1 Mmp9 Slc22a6 BPGM FLT1 MPP1 SLC12A3 Atp6v0c Fbp2 Mpp1 Slc3a2 CALB1 GALC NAT8 SLC22A6 Bpgm Flt1 Pabpc1 Slc4a4 CCNB2 GK PABPC1 SLC3A2 Calb1 Gns Pdzk1 Slc7a5 CCR2 GNS PDZK1 SLC4A4 Ccnb2 Gpr56 Peg3 Slc7a7 CCR5 GPR56 PEG3 SLC7A5 Cd59a Gpx3 Ppgb Tfpi2 CD59 GPX3 PPGB SLC7A7 Cdh16 Gyk Prss11
